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Abstract: Soil spectroscopy is a promising technique for soil analysis, and has been successfully
utilized in the laboratory. When it comes to space, the presence of vegetation significantly affects
the performance of imaging spectroscopy or hyperspectral imaging on the retrieval of topsoil
properties. The Forced Invariance Approach has been proven able to effectively suppress the
vegetation contribution to the mixed image pixel. It takes advantage of scene statistics and requires
no specific a priori knowledge of the referenced spectra. However, the approach is still mainly limited
to lithological mapping. In this case study, the objective was to test the performance of the Forced
Invariance Approach to improve the estimation accuracy of soil salinity for an agricultural area
located in the semi-arid region of Northwest China using airborne hyperspectral data. The ground
truth data was obtained from an eco-hydrological wireless sensing network. The relationship
between Normalized Difference Vegetation Index (NDVI) and soil salinity is discussed. The results
demonstrate that the Forced Invariance Approach is able to improve the retrieval accuracy of soil
salinity at a depth of 10 cm, as indicated by a higher value for the coefficient of determination
(R2). Consequently, the vegetation suppression method has the potential to improve quantitative
estimation of soil properties with multivariate statistical methods.
Keywords: airborne hyperspectral data; vegetation suppression; Forced Invariance Approach; soil
spectroscopy; soil salinity
1. Introduction
In arid and semi-arid areas, soil salinisation is one of the major threats to agricultural production,
which could be caused by incorrect or careless irrigation [1]. The significant impacts of soil salinity on
the soil-water-plant system can reduce the nutrient absorption and lead to a considerable decrease
of crop productivity [2,3]. Remote sensing has been shown to be a particularly valuable tool for
monitoring soil conditions frequently and spatially [4–6]. The presence of salts can be detected directly
on bare soils with salt crust via the variation of spectral reflectance, and the spectral behaviour of salt
has been studied in detail [7,8]. However, the ability to map soil salinity using the direct approach is
limited, especially in agricultural areas [9,10]. The biophysical characteristics of vegetation can serve as
an indirect sign of soil salinity, as plants subjected to salinity stress typically have lower photosynthetic
activity, causing increased visible reflectance and reduced near-infrared reflectance from the vegetation.
Therefore, various indices have been proposed for assessing and mapping soil salinity, such as the Soil
Adjusted Vegetation Index (SAVI), Normalized Difference Salinity Index (NDSI) and Salinity Index
(SI) [11–13]. Al-Khaier [14] achieved an accurate detection of soil salinity by a normalized salinity
index in bare agricultural soils using ASTER bands 4 (near-infrared) and 5 (short-wave infrared).
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Additionally, Khan [15] successfully used NDSI with the near-infrared and red bands of the Indian
Remote Sensing LISS-II sensor to map soil salinity.
Soil salinity indices usually only take advantage of a few bands, and are suitable for multispectral
remote sensing images. A lot of success has been achieved in mapping severely saline areas or
differentiating between saline and non-saline soils, but it is still difficult to quantitatively retrieve
soil salinity [16]. Hyperspectral remote sensing or imaging spectroscopy provides high-resolution
data that contains detailed spectral information of soils, and makes it possible to establish models for
quantitative estimation of soil salinity. Imaging spectroscopy can not only be used for geology, water
and vegetation applications, but is also a promising method for obtaining soil properties at the large
scale, especially with the new hyperspectral sensors, such as EnMAP, HSUI, and HyspIRI [6,17–20].
There are many factors constraining the application of imaging spectroscopy in the field or from
space, such as low signal-to-noise ratio, atmosphere attenuation, sensor resolution and Bidirectional
Reflectance Distribution Functional (BRDF) effects, especially for the thin upper soil layer. Thus,
optical remote sensing of soils from large distances is a significant challenge [21,22]. In the agricultural
area, one of the main problems is spectral mixing. The vegetation coverage and remains might be
presented in the image pixel and contribute to creating spectral confusion with soil reflectance [23,24].
Additionally, spectral absorption and reflection vary according to the type of vegetation. Therefore,
removing the effects of vegetation on the soil reflectance spectra is an important research topic.
Spectral Mixture Analysis (SMA) is one of the most common techniques used to reduce the
contribution of vegetation and to derive quantitative endmember abundance from hyperspectral
data [25]. The HyMap hyperspectral imagery was utilised to characterise and map irrigation-induced
soil salinisation, and a mixture-tuned matched filter (MTMF) approach was assessed to extract and
map spectral endmembers from HyMap imagery [26]. The spectral capabilities of upcoming EnMAP
were also evaluated to extract quality endmember classes that contain spectral features related to
photosynthetic active vegetation (PV), non-photosynthetic active vegetation (NPV) and bare soil
(BS). Estimated spectral cover can be integrated into soil erosion models using the linear unmixing
method [27]. Franceschini [25] assessed pixel-fractional cover corresponding to bare soil using the
linear unmixing method, and applied it to the prediction of soil properties. The model without taking
into account the bare soil fractional cover showed a lower accuracy. SMA approaches often assume that
endmember cover fractions contained in image pixels are linearly summed. The sub-pixel cover fraction
of each land-cover endmember may be plants, bare soil or other constituents. Therefore, it is required
that the observations contain enough information to solve a set of linear equations. These endmembers
are usually selected either from the image data or from existing spectral libraries [28]. The problem
is that referenced spectra for soils are often considered to be stable or unique, and the effects
of soil properties on the spectra are not included in the models because they are unknown [29].
The Forced Invariance Approach was proposed by [30] to overcome the effects of vegetation on
spectral discrimination of the underlying lithological substrate. It utilises scene statistics and requires
no detailed knowledge of the reference spectra of endmembers nor any complex mixing models,
and has been successfully applied in archaeology and geological mapping using multispectral and
hyperspectral data [30–32]. However, to date, there exist few studies that have analysed whether
the Forced Invariance Approach is suitable for soil spectroscopy. The accuracies of soil property
estimation in the agricultural area are expected to be improved by vegetation-suppressed spectra
without requiring extra field work.
The Forced Invariance Approach is focused on the production of contrast-enhanced colour
composite images, which are generally used for further visual analysis and identification of lithological
or urban features. Its performance on soil analysis has not been tested yet. The objective of this paper
is to explore its feasibility to improve soil salinity estimation in the agricultural area. The data source
was limited to airborne hyperspectral images. For the first time, the Forced Invariance Approach
was adopted to improve the quantitative estimation of soil salinity at a depth of 4 cm and 10 cm by
integrating eco-hydrological wireless sensor network data in an experimental agricultural area [33,34].
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The possibility and the performance of vegetation suppression using the Forced Invariance Approach
were discussed, and the results demonstrated that the accuracy of the determination of soil salinity at
the depth of 10 cm had been improved. The vegetation suppression method is not only suitable for
qualitative analysis, as used in lithological mapping, but also has the potential to improve quantitative
estimation of soil properties.
2. Material and Methods
2.1. Study Area of Zhangye Oasis
The study area is located in Zhangye Oasis in the middle stream of the Chinese Heihe River Basin
(100◦04′ E, 39◦15′ N). The oasis is located in the Gobi Desert, situated in the arid and semi-arid region
of Northwest China (Figure 1) [35]. The mean annual precipitation and temperature are 121.5 mm
and 6 ◦C, respectively. Most of the precipitation occurs between July and September. The average
annual precipitation varies from 100 to 250 mm, whereas annual potential evaporation ranges from
1200 to 1800 mm, which is 10 times higher than the average annual precipitation [36]. Land cover types
include wetland, grassland, and farmland. Corn is the main plant in the study area. Irrigation water in
the study area is mainly supplied from the middle reaches of the Heihe River. Soil properties (bulk
density, texture, and organic content) vary in the study area, and soil samples have been determined to
be silt-loam with sand (9–36%), silt (56–81%), and clay (5–19%) [37].
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2.2. Data Description
2.2.1. Eco-Hydrological Wireless Sensor Network Data
As part of the eco-hydrological wireless sensor network (WSN), in 2012 48 nodes were installed
in the middle stream of the Heihe River Basin, covering both the Yingke and Daman irrigation districts
of Zhangye Oasis (Figure 2). Data was recorded from the Hydro Probe II sensors [34] every 10 min
at two different depths: 4 cm and 10 cm. Recorded information included date and time of reading,
soil temperature, soil moisture, electrical conductivity (EC, soil salinity) and soil conductivity. Salinity
can be viewed as the total concentration of all dissolved salts in water. Salinity can be measured by a
complete chemical analysis called total dissolved solids (TDS), which is difficult and time-consuming.
More often, salinity is not measured directly, but is instead derived from the conductivity measurement.
There is a high correlation between electrical conductivity (EC) and total diss lve s lids (TDS). In this
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study, we mainly use the EC values from the eco-hydrological wireless network database. The data
corresponding to the date of the flight campaign were used to test the performance of the forced
invariance method for the estimation of soil salinity in the agricultural area.
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2.2.2. CASI Airborne Hyperspectral Data
The flight across the Heihe River Basin was conducted on 29 June 2012 at an altitude of
2000 m above, as part of the Heihe Watershed Allied Telemetry Experimental Research (HiWATER).
The Compact Airborne Spectrographic Imager (CASI) 1500 developed by Itres Research Ltd. [38] was
used to collect electromagnetic reflectance data. CASI 1500 is a visible and near-infrared push-broom
hyperspectral sensor with 48 spectral bands covering the spectral range from 380 nm to 1050 nm. It has
a field of view (FOV) of 40◦ with 1500 across-track imaging pixels, and the ground spatial resolution
is 1.0 m. The radiometric par meter w s c librated in the calibration laboratory of the Institute of
Remot Sensing and Digital Earth, Chinese Academy of Sciences, using an integrating sphere s the
light source, which was eveloped y the Lab he e Corporat o [39]. The raw data was converted
from digital numbers fter spectral and radia ce calibration and geometrically corrected to a standard
earth-centred coordinate system.
2.3. Methods
2.3.1. Vegetation Suppression Using the Forced Invariance Method
When transferring soil spectroscopy from l boratory to nature, on of the most significant
issues affecting the imaging capability of spaceborne and airborne instruments is the presence of
vegetation. It can obscure or even completely mask the spectral signatures of the underlying soil
information. The Forced Invariance Method was originally developed by Robert Crippen and Ronald
Blom (2001) [30]. It is supposed to de-correlate the vegetative component of the total signal on
a pixel-by-pixel basis for each band by calculating the relationship of each input band with the
vegetation index to overcome the effects of vegetation on spectral discrimination of the underlying
lithological substrate. It takes advantage of information from red and near-infrared bands without
requiring any specific a priori knowledge of the scene. It has been successfully used in many fields
using multispectral and hyperspectral data.
In general, the idea is to fit a smooth curve to represent the relationship between the vegetation
index and each band’s pixel value. By flattening these curves to a target value (such as the mean digital
number value of each band), one can expect to remove th correlation ith vegetation. Th method
can be implemented in the following seque tial steps [31]: (1) dark pixel correction; (2) vegetation
index calculation; (3) estimation of statistical relationship between vegetation index (VI) and digital
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number (DN) values for each band (Figure 3A); (4) calculation of a smooth best-fit curve for the above
relationships (Figure 3B); and finally, (5) selection of a target average DN value Ptarget and scaling all
pixels at each vegetation index level by an amount that shifts the curve to the target DN. After curve
flattening, the new value will be defined by the following equation [40]:
Pnew = Poriginal ×
Ptarget
PNDVI
(1)
where Pnew is the vegetation-suppressed value, Poriginal is the original pixel value and PNDVI is the
NDVI corresponding value. By suppressing the vegetation component, it has the potential to reveal
not only the underlying geological and archaeological features, but also soil characteristics.
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The Forced Invariance Approach is based on the assumptions that (1) the distribution of vegetation
across the terrain is independent of rock type, and (2) rock albedo is not substantially correlated with
the vegetation amount. In our case, this means that soil properties should have no or little correlation
with the vegetation index, and this is w y this a proach has the potential to separate the contribution
of vegetation from the target pixels. NDVI was cho en as the vegetation index in the Forced Invariance
Approach because it varies much more with vegetation vitality than with v riations in litholog cal
variables. Therefore, o check if the approach can be applied to so l analysis, the correlation between
NDVI and soil salinity should be examined. Soil moisture is also a major concern for agriculture.
Engstrom (2008) [41] already pointed out that the correlation between soil moisture and NDVI was not
significant in areas with little to no relief.
2.3.2. Spectral Modelling of Soil Properties
The relationship between spectra extracted from the hyperspectral image and soil properties was
analysed using the Generalized Linear Model (GLM). The GLM is a flexible generalisation of ordinary
linear regression that allows for response variables that have error distribution models other than a
normal distribution. The study results from Yuan Huang [42] show that soil moisture, EC and clay
content were log-normally distributed, while organic carbon, sand and silt content were normally
distributed. Therefore, the Logit Link Function was chosen to model the correlation between spectral
data and soil salinity in this study.
Each pixel spectrum of the hyperspectral image comprehends a total of 48 bands, which would
cause redundancy of information. Minimum Noise Fraction (MNF) is one of the most common
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methods to extract features from hyperspectral data, and can effectively reduce a large dataset into a
smaller number of components that contain the majority of information. Therefore, MNF transform
was performed on the mosaicked and subtracted airborne hyperspectral data using the ENvironment
for Visualizing Images (ENVI) software. The data acquired by the vegetation suppression method was
also transformed by MNF. The first 14 MNF components were retained as the input variables.
2.4. Model Performance Assessment
For each soil property, the soil spectral quantitative model was developed on a random sample of
two-thirds of the data using the GLM. The calibrations were tested by predicting the soil salinity (EC)
on validation data sets composed of the remaining one third of samples. The model accuracies were
evaluated on estimated and measured soil salinity using RMSE and R2.
R2 = ∑
n
i=1(yˆi − y)2
∑ni=1
(
Yi −Y
)2 (2)
RMSE =
√
1
n∑
n
i=1(yˆi − yi)2 (3)
where n is the number of validation samples, y represents the measured values, y is the mean of the
measured values, and yˆ is the estimated values.
3. Results and Discussion
3.1. Correlation between NDVI and Soil Salinity
The terrain in Zhangye Oasis is relatively flat. The correlation between NDVI and soil salinity at
the depths of 4 cm and 10 cm are shown in Figure 4. The deviation from the fitted line demonstrated
that NDVI basically has little correlation with soil salinity either at the depth of 10 cm or 4 cm.
The Pearson values between NDVI and soil salinity were also calculated. The correlation at the depth
of 4 cm has a slightly higher value (r = 0.042) than at the depth of 10 cm (r = 0.032).
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3.2. Vegetation Suppression Performance Using the Forced Invariance Approach
The vegetation cover, which is mainly corn in the study area, could hinder the acquisition of
spectral signatures of the underlying soil information. The Forced Invariance Method is assumed
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to be applicable to the suppression of vegetation. From Section 3.1, we know that it is possible to
take advantage of this method to enhance the soil information from the mixed spectra. To check the
performance of the vegetation suppression method, the easiest way is to check the true colour image
(false colour image is an alternative way) with the naked eye. It can be seen that, while the original
image (Figure 5A) is dominated by vegetation, the green hue is not so obvious in the processed image
(Figure 5B), and the latter one also shows some bare soil spots. Another approach is to take advantage
of the NDVI, which is one of the most useful vegetation indices. By comparing Figure 6A,B it can be
seen that the NDVI values are also significantly reduced.
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As the datas t used in this study represents irborne hyperspectral imagery, we c n further
examine the effect of the Forced Invariance Approach using spectral lines. The corn and bare soil spectra
measured by ASD Field Spec3 (obtaine from the Heihe Plan Science Data Centre) were taken as pure
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endmembers. The acquired spectra were compared to the spectra extracted from hyperspectral images
at the pixel corresponding to sensor node 06 before and after vegetation suppression. A comparison of
the spectra is shown in Figure 7. The soil spectrum has no obvious absorption features. Although the
spectrum from hyperspectral imagery at the specified pixel after vegetation suppression still has a
similar shape with corn spectrum, the slop of “red edge” was reduced in height.
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3.3. Estimation of Soil Properties Using Airborne Hyperspectral Data
To quantitatively evaluate the performance of the Forc d Invariance Approach using airborne
hyperspectral data for agriculture, the relationship between soil spectra and soil salinity were mod lled
using the GLM. The accuracy of soil sal ity at a depth of 10 cm (R2 = 0.458) is slightly higher than at a
depth of 4 cm (R2 = 0.445) using hyperspectral data without vegetation suppres i ( i re 8), which
is more obvious for results obtained from data with vegetation suppression (Figure 9). The reason
for this is that surface soil is significantly influenced by exterior factors like irrigation and wind, and
landscape fragmentation and complicated cultivation structures also contribute to the high spatial
heterogeneity of the soil properties. Therefore, it is less stable and more heterogeneous at a depth of
4 cm than soil at 10 cm.
By comparing Figures 8 and 9, it can be seen that the accuracies for the estimation of soil salinity at
the depth of 10 cm (R2 = 0.538) improved significantly after applying the Forced Invariance Approach,
but not like at a depth of 4 cm (R2 = 0.43). Apart from the high spatial heterogeneity for surface
soil properties, this might also be caused by the correlation to the NDVI. Although the correlation of
soil salinity to NDVI was not significant, as revealed by Figure 4, soil properties at a depth of 4 cm
still showed a higher correlation value than at a depth of 10 cm. The modelling results showed that
this approach performed better for soil salinity at a depth of 10 cm, which is in agreem nt with the
assumption t at the target property should have no or little correlation with the vegetation index.
However, it does not guarantee that the model’s accuracy will be improved with the increase of soil
depth due to limited effective penetration depth of optical sensors.
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4. Conclusions
The spatial distribution of soil s linity has imp rtant implications for soil and water resource
manage ent in arid and semi-arid agricultural regions. The present study examines the possibility of
improving the estimation accuracy of soil salinity at different soil depths using imaging spectroscopy
and vegetation suppression based on the Forced Invariance Approach, which calculates images that
are invari nt relative to a specific spectral index, and wher features r presented by that spectral index
will not ppear in the resulting images because those features will not contribute to the variance.
The relationship between NDVI and soil salinity i rea indicates tha th r exists no
significant correlation. The GLM developed using irel t ata and airborne hyperspectral
data shows a better performance for soil salinity esti ation at the epth of 10 cm than at 4 cm, and
to the estimation accuracy (R2 = 0.538) for soils at a depth of 10 c after vegetation suppression
improved when compared to the result (R2 = 0.458) obtained from the model built using hyperspectral
data without vegetation suppression. However, the approach failed for soils at a depth of 4 cm.
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Hence, one should check carefully before applying the Forced Invariance Approach to improve
quantitative soil analysis. In addition, the main drawback of the vegetation suppression algorithm
is a severe distortion of the spectral values in non-vegetated areas. The masking technique should
be considered in the mapping procedure to keep pixel values from bare soil or sparse vegetation
unchanged. The presence of vegetation restrains the application of hyperspectral imagery in retrieving
underlying soil properties. The Forced Invariance Approach can not only produce contrast-enhanced
colour composite images for lithological mapping but also has the potential to contribute to the
retrieval of soil properties with multivariate statistical methods.
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